Risk factors for neonatal early-onset sepsis are based on results of studies performed before widespread use of group B Streptococcus intrapartum antibiotic prophylaxis. Sepsis algorithms based on risk-factor threshold values result in antibiotic treatment of large numbers of uninfected newborns.
Early-onset sepsis (EOS) from group B Streptococcus (GBS) has decreased with the widespread use of intrapartum antibiotic prophylaxis (IAP), which has led to declines in the overall incidence of EOS among term and latepreterm infants. [1] [2] [3] [4] The Centers for Disease Control and Prevention 2002 (and revised 2010) guidelines for the prevention of neonatal GBS disease provide algorithms for the evaluation of infants at risk for EOS. 5, 6 These guidelines are based on the presence or absence of particular characteristics (eg, chorioamnionitis) and the use of simple cutoffs for continuous variables (eg, maternal temperature) and result in antibiotic administration to large numbers of uninfected newborns. For example, at the Brigham and Women's Hospital in Boston, Massachusetts, in 2008 -2009, 8% of wellappearing infants born at Ͼ34 weeks' gestation were treated with antibiotics for risk of infection, but the incidence of EOS among those infants was only 0.42 cases per 1000 live births. 7 In this article we describe one of the components of a study ("Sepsis and Critical Illness in Infants Ն 34 Weeks' Gestation") that addressed the problem of ruling out sepsis in term and late-preterm infants. Confronted with a newborn having unequivocal signs of illness, clinicians do not need predictive models to decide whether to initiate antibiotics and intensive care. However, because many infants may be asymptomatic or have equivocal signs, clinicians must make 3 decisions: (1) Should a given newborn be evaluated for sepsis? (2) Is this infant's risk sufficiently high to warrant antibiotic treatment? (3) Does this infant need intensive care?
In this report we describe a model designed to address the first of these questions by using only data that would be available in automated electronic medical records (EMRs). We used a case-control design in which the case-subjects were nested within a defined population. We began with a prior probability based on the underlying population infection rate and then incorporated objective information available in the immediate perinatal period to define a posterior rate per 1000 live births.
MATERIALS AND METHODS

Study Population
The nested case-control study was approved by the institutional review boards at all participating institutions. The base population consisted of all newborns born at Ն34 weeks' gestation at 12 A screening-based approach to GBS IAP was implemented at KPMCP sites in 2002, at BWH in 1997, and at BIDMC in 1996. Case-subjects were infants born at Ն34 weeks' gestation who had a positive blood or cerebrospinal fluid culture result for a pathogenic bacterial species before 72 hours of age. Cultures that grew nonpathogenic species (eg, coagulase-negative staphylococci) were considered cases only if the treating physician considered the infant infected, as evidenced by antibiotic treatment that lasted for Ն5 days or until neonatal death. We randomly selected 3 controls per case from the total birth cohort and frequencymatched them according to birth year and hospital. Exclusion criteria included birth outside study hospitals, chromosomal abnormalities or major congenital anomalies defined by the Vermont-Oxford Network, 8 and, for controls, positive blood or cerebrospinal fluid culture results at Ͻ72 hours of age.
Data Collection
Demographic data and procedure and discharge diagnosis codes were collected for the entire birth cohort. For case-subjects and controls, data collected by individual chart review included maternal gravidity and parity; delivery mode; GBS status; duration of rupture of membranes (ROM); maternal intrapartum temperatures; presence of meconium-stained amniotic fluid, maternal hypertension, or preeclampsia; maternal intrapartum medications; and obstetric anesthesia.
Statistical Methods
We performed all analyses by using SAS (SAS Institute, Inc, Cary, NC), Stata (Stata Corp, College Station, TX), or R. [9] [10] [11] For bivariate comparisons, we used 2 or Fisher's exact tests for categorical variables and t tests for continuous variables. We used split validation for multivariate model development. The derivation data set consisted of 210 randomly selected cases and 659 randomly selected controls from the original data set of 350 cases and 1063 controls. We selected variables on the basis of previously published findings [12] [13] [14] [15] [16] [17] and ease of extraction from an EMR (ie, the objective "highest antepartum temperature" rather than the subjective "physician diagnosis of chorioamnionitis"). We examined bivariate associations of specific variables to choose the 5 predictors included in the multivariate model. Nonparametric smoothing methods were used to incorporate continuous variables [18] [19] [20] ; complete statistical methods are available in the Supplemental Appendix. We applied the coefficients from our best model to the remaining one-third of the cases and controls (validation data set). We made an a priori decision to consider the final model successfully validated if it had an area under the receiver operator characteristic (c statistic) Ն 0.75. Calibration was assessed with the HosmerLemeshow P value. Model performance was also assessed by visual examination of observed and expected sepsis rates by risk deciles and with multiple metrics recommended by Cook. 21 We estimated the relative contribution of individual predictors to the overall predictive value by using the differences between the log likelihood of the full model and the log likelihood of a model without each predictor. 22, 23 Relative contribution was defined as the ratio of the predictor's log-likelihood difference to the sum of the model's 5 log-likelihood differences, multiplied by 100. We estimated population-based sepsis probabilities by bootstrapping the controls to create a data set that approximates what would have been observed if we had measured all variables on the entire base population. 24 We then fit our final logistic regression model to this bootstrapped data set. This is approximately equivalent to changing the intercept in our logistic regression model to reflect actual proportions of case-subjects and controls in the base population, an approach that is needed because the study design oversamples case-subjects relative to controls. We used these methods to estimate (1) the numbers of newborns who would be classified as at risk, and correctly classified as being infected, under different scenarios and (2) the risk of infection for a given combination of predictors.
RESULTS
During the study period, 608 014 live births at Ն34 0 ⁄ 7 weeks' gestation occurred at the study sites. We identified 350 cases of EOS (0.58 cases per 1000 live births) and 1063 controls. The annual EOS incidence at the 3 hospitals combined varied between 0.17 and 0.92 cases per 1000 (interquartile range: 0.40 -0.71). The infecting organism was GBS in 53.1% of cases and Escherichia coli in 20.3%. Other bacteria (including Staphylococcus aureus, Listeria, enterococci, Bacteroides, Klebsiella) accounted for Ͻ5% of cases each; only 1 case of Staphylococcus epidermidis was included. Demographic and delivery characteristics of case-subjects and controls were similar except that case-subjects were more likely to have been born by cesarean delivery and at Ͻ37 weeks' gestation (Tables 1 and 2 ). Maternal GBS status was unknown for 55% of the subjects because of both the largely unknown status of the late-preterm subjects and the predominantly risk-factor-based GBS IAP strategy that was used at the Kaiser Permanente Medical Care Program sites before 2002 (Table 2 ). Nearly 20% of the control deliveries were exposed to some form of intrapartum antibiotic therapy (Table 2) .
Bivariate Analyses
Preterm and postterm delivery, maternal fever, use of epidural analgesia, and prolonged ROM were strong individual predictors of infection (Table 3) . Positive GBS status, compared with either negative status or negative/unknown status, was not significantly associated with increased risk of EOS. In a bivariate analysis, intrapartum antibiotic exposure (of any type and duration), compared with no antibiotic exposure, was associated with a twofold increase ARTICLES in risk of infection. Intrapartum use of broad-spectrum antibiotics was more strongly associated with infection than intrapartum use of GBS-specific antibiotics. These positive bivariate associations were presumably a result of confounding by indication. Any intrapartum antibiotic given Ն4 hours before delivery, however, was associated with a decreased risk of infection.
The bivariate relationships of gestational age, highest maternal intrapartum temperature, and duration of ROM with culture-proven infection are shown graphically in Figs 1 through 3.
We found a nonlinear relationship with gestational age; risk decreased from 34 to 40 weeks' gestation and rose again after 40 weeks' gestation (Fig 1) . We observed a slow, nearly linear increase in risk between 99.5°F and 100.4°F but a rapid increase in risk above that level (Fig 2) . Infection risk also increased monotonically with increasing time of ROM (Fig 3) . Tables 4 and 5 list the components and performance of our final multivariate model. After controlling for maternal temperature, epidural analgesia was not a significant predictor in multivariate analyses and was not included in the final model. When applied to the entire data set, the final model had good discrimination (c statistic ϭ 0.800) and calibration (HosmerLemeshow P value ϭ .142) ( Table 5 ). The 2 most important predictors were the highest antepartum temperature, which accounted for 58% of the model's predictive ability in the entire data set, and gestational age, which accounted for 17% (Table 6 ). Table 7 highlights the potential application of screening strategies based on defined posterior probabilities and shows that they can be superior to approaches based on dichotomous thresholds. Table 4 for definitions of GBS IAP and broad-spectrum antibiotics. c Delivery anesthesia was analyzed as the use of epidural anesthesia compared with all other deliveries that included no anesthesia or the use of a nonepidural form of anesthesia.
Multivariate Analyses and Posterior Probabilities
FIGURE 1
Rate of sepsis according to gestational age. For Figs 1 through 3 , a data set was created by including all 350 cases and bootstrapping the 1063 controls in the total (derivation plus validation) data set up to 607 664 simulated controls, for a total of 608 014 simulated births. Shown here are the empirical sepsis rates in the bootstrap data set broken down according to weeks of gestational age. The dotted line represents the overall sepsis frequency in the base population (0.58 per 1000). The red line represents a local regression (Lowess) smooth of the relationship of gestational age to sepsis rate. See the Supplemental Appendix for full details of the statistical methods.
DISCUSSION
We conducted a nested case-control study that provides a substantial improvement over previous approaches to the problem of how to rule out sepsis in term and late-preterm newborns. Our study incorporated a Bayesian approach that began with a prior probability based on the rate of sepsis in the study population. This was modified as intrapartum characteristics became available and yielded an updated prior probability of sepsis that, when combined with subsequent information (data from a newborn's clinical examination and/or laboratory evaluation), can be used to guide evaluation and treatment decisions. Our objectives were to define a multivariate predictive model with 2 attributes: (1) it would be based only on maternal data available at the moment of delivery; and (2) it would rely on objective data available in an EMR.
Use of our predictive model will require neonatal clinicians to be explicit about specifying a level of risk at which one should evaluate newborns for EOS. The clinical factors used to inform the overall risk of EOS have been based primarily on studies performed before the widespread use of GBS IAP. [12] [13] [14] 
FIGURE 3
Rate of sepsis according to duration of ROM. ROM was measured to the nearest 0.1 hour and took on values from 0 to 226.4 (inclusive); ROM times of Ͼ50 hours were rare, and times between 30 and 50 hours were sparse. Empirical sepsis relative frequencies were computed in the bootstrapped data set. The dotted line represents the overall sepsis frequency in the base population. The red line represents a local regression (Lowess) smooth of the relationship of duration of ROM to sepsis rate. See the Supplemental Appendix for full details of the statistical methods.
of available information by not using simple cutoff values for 3 continuous variables (fever, ROM time, and gestational age). The relationship of maternal temperature to risk of sepsis (Fig  2) reveals the disadvantage of relying on cutoff values: although the graph suggests that a cutoff value of 101°F defines infants at highest risk of infection, this approach ignores the fact that a fever of 102.5°F is associated with 4 times the risk of a fever of 101°F. Our study also accounts for the complex ways in which risk is modified by intrapartum antibiotic use (Tables 4  and 5 ), and our results show the importance of controlling for the presence of multiple risk factors and confounding by indication. Bivariate analysis of broad-spectrum antibiotic exposure revealed that this exposure defines infants at increased risk of EOS, but multivariate modeling demonstrates the protective effect of this type of intrapartum antibiotic therapy, given on time, when other relevant factors are considered. Multivariate analyses revealed that the timing of intrapartum antibiotic exposure relative to delivery is important in the prevention of culture-proven sepsis regardless of the type of antibiotic or the reason for administration. These findings support a similar protective effect of both GBS prophylaxis and broadspectrum antibiotics on all forms of EOS, which is consistent with results of pre-GBS-IAP era studies of the effect of intrapartum antibiotic treatment for chorioamnionitis on neonates of all gestational ages. 25 By taking full advantage of available information, our multivariate model can significantly decrease the number of infants evaluated for EOS while identifying similar numbers of cases compared with current recommended strategies ( Table 7) . Use of individual risk-factor threshold values results in the evaluation of variable proportions of the base population and identifies only 15% to 30% of sepsis cases. Combining all the cutoff methods flags nearly 17% of the base population as being at higher risk but identifies only 47% of sepsis cases. Use of a GBS IAP: penicillin, ampicillin, clindamycin, erythromycin, cefazolin, vancomycin Broad-spectrum antibiotics: other cephalosporins, fluoroquinolone, extended spectrum ␤-lactam, or any IAP antibiotic plus an aminoglycoside On time: first dose given Ն4 h before delivery a Antibiotic grouping refers to predicted efficacy (or "value") of the type of intrapartum antibiotic if the infant is bacteremic with an EOS pathogen. No antibiotic would be predicted to have no value. GBS-specific antibiotics given Ͼ4 hours before delivery are of full value if the infant is infected with GBS but of possibly/likely insufficient value if infected with another organism. Likewise, both GBS-specific and broad-spectrum antibiotics given Ͻ4 hours before delivery would be considered to have some but insufficient value. Broad-spectrum antibiotics given Ն4 hours before delivery would be considered to be of full value, because these antibiotics would treat GBS and non-GBS pathogens. posterior-rate threshold per 1000 live births of 0.5 (a level of risk equal to the sepsis rate among infants born at 38 -40 weeks' gestation) identifies the same proportion of cases within only 6% of the base population. Using this posterior probability subdivides the base population (sepsis rate: 0.58 per 1000 live births) into 2 subpopulations: 1 that is relatively small (6%) with a relatively high risk (4.2 in 1000) and 1 that is larger (94%) with a much lower risk (0.34 in 1000). Protocols for these 2 subpopulations could be different and might permit clinicians to make decisions that are more closely tailored to individual patient risk. The advantages of safely evaluating fewer infants include not only decreased health care expenditures but also the social benefits of decreasing separation of mothers and newborns for sepsis evaluation and treatment and health benefits that might be attributed to exposing fewer uninfected infants to antibiotic treatment.
Our model also provides information on changes in risk that might inform both obstetric and neonatal clinical decisions. For example, for an infant born at 39 weeks' gestation to a GBSpositive mother with a highest intrapartum temperature of 98.6°F and ROM time of 10 hours who did not receive GBS IAP, the posterior rate of sepsis is ϳ0.3 per 1000 live births. If this scenario is modified to include a maternal temperature of 101.3°F, the posterior rate is increased to 3 per 1000. In contrast, an infant born at 34 weeks' gestation to a GBS-unknown mother with a temperature of 102.3°F and ROM time of 10 hours and no intrapartum antibiotic exposure has a posterior rate of 56 per 1000 live births. Currently, consideration would be given to evaluation of all these infants without recognition of their 170-fold difference in risk. Our model also reveals the relative benefit of intrapartum antibiotic administration. In the examples cited here, the posterior rate of sepsis per 1000 live births is decreased to 0.10 (term, afebrile, GBS-positive), 0.9 (same mother febrile to 101.3°F), and 18 (preterm, febrile to 102.3°F, GBS-unknown) by the administration of appropriate intrapartum antibiotic therapy.
Our model is not intended for manual calculation but would be generated within the EMR. To ensure that this would be a practical clinical tool, we incorporated objective data that would be available at the time of delivery. The use of computer-based predictive models to aid in clinical neonatal decision-making was illustrated by Tyson et al, 26 who developed a Web-based calculator to predict outcome of very low gestational age infants before birth on the basis of a few user-input variables. Optimally, our model would be embedded in the EMR with electronic capture of the variables and use of a local prevalence of EOS, but it could also be incorporated into a Webbased calculator based on clinician inputs that use the prior probability of sepsis from our study. Either way, the risk score could be combined with infant clinical status and laboratory data to make decisions regarding evaluation for infection and initiation of empiric antibiotic treatment. It must be emphasized, however, that this Bayesian approach will require users to define a range for posterior probability based on acceptable level of risk. The level of risk that mandates an evaluation is not just a scientific decision but also an ethical and practical one. Individual institutions will need to assess their local care structure and resources to make this decision.
Although our study is, to our knowledge, the largest case-control study of EOS performed in the era of GBS IAP, it is limited by an insufficient sample size to generate stable models of all possible combinations of GBS-carriage status, type of antibiotic treatment, and time of treatment. The time frame required to identify cases for adequate statistical power resulted in an analysis that spanned the risk-and screening-based approaches to GBS IAP. This might be viewed as a study limitation, but it resulted in an analysis applicable to a broad range of situations. It should also be noted that because epidural use causes fever in ϳ20% of women, 27,28 the predictive value of low-grade fever might differ on the basis of the prevalence of epidural use.
A significant strength of our study is the use of 14 study sites that provided for diversity of race and ethnicity and for variation in obstetric care between sites. Finally, we emphasize that newborn clinical status played no role in the predictive model. However, we are working on another model, and our early results indicate that both at birth and at 2 hours of life, ϳ85% of the case-subjects in the study were either well-appearing or mildly symptomatic (data not shown), exactly the infants for whom sepsis risk management is most challenging.
CONCLUSIONS
Using only objective data available at the time of birth, we have developed a predictive model of sepsis risk among infants born at Ն34 weeks' gestation. Use of this model in an EMR can establish a prior probability of infection at the time of birth, which can aid the clinician in subsequent decisions regarding neonatal management and safely decrease the number of infants evaluated for infection.
The multivariate model of sepsis risk reported in this article has been incorporated into a sepsis risk calculator that will provide a predicted probability of sepsis based on user-provided inputs. This calculator can be accessed at https://extapps.kaiser.org/escobar/ nis3sepsisriskatbirth.xls.
